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The increase in the number and size of large networks requires novel efficient methods for their analysis. Exponential Random Graph Models (ERGMs) are exponential family of
probability distributions for network structure. The empirical scope of ERGMs is limited by the fact that Maximum Likelihood Estimation (MLE) of model parameters can be obtained
only for relatively small networks with a few thousand nodes at most. We propose a new MCMC approach for maximum likelihood estimation of model parameters. In contrast to
existing estimation approaches (Bayesian, MCMCMLE and Method of Moments) the approach we propose does not rely on a large number of MCMC simulations to compute
equilibrium network configurations. Rather, the Equilibrium Expectations (EE) approach that we propose is based on properties of equilibrium distributions of Markov chains. We
implement the EE approach by designing a simple and very efficient algorithm for MLE of ERGM parameters. The suggested estimator is first tested on simulated networks. We
compare the results of estimation with results obtained by the Method of Moments and show that the accuracy of estimates obtained via EE is comparable to estimates obtained with the
Method of Moments. We demonstrate that the increased speed of the EE algorithm relative to existing methods allows a dramatic increase in the size of networks that can have ERGM
parameters estimated by Maximum Likelihood. The empirical value of the EE algorithm is demonstrated also in a study of large biological and social networks.
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Fig. 1. Estimation of simulated networks by (a) suggested EE algorithm and (b) MoM (Snijders, Tom AB. " Journal of Social Structure (2002):
1-40). The error bars show the confidence intervals, given by doubled values of the standard deviation (over 120 networks). Basic sampler was
used. The estimation was performed on Cray XC50 machine available at the Swiss National Supercomputing Centre (CSCS).
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Existing approaches for MLE
- Iteratively modify  A
- At many different  A values perform MCMC
simulations to draw equilibrium configurations x (  A )

1) Bayesian
2) Geyer-Thompson MCMC MLE
3) Method of Moments
(Stochastic approximation)

MLE is computationally expensive
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New approach for MLE
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Fig. 2. MLE of ERGM parameters for Livemocha
networks with 104103 nodes and 2193083 ties
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